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Reconstruction of missing runoff data based on multi-model neural networks
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Abstract: To address the problem of missing runoff data, a daily runoff prediction model ( MM-LSTM-BP model) combining a long
short-term memory (LSTM) neural network and a back propagation ( BP) neural network based on multiple regression models was
constructed. In this model, regression models were adopted to extract the linear, nonlinear, temporal, and random characteristics of
runoff, and the LSTM neural network and the BP neural network were used in series for the regression simulation of the daily runoff
process. The case verification results of the Weihe River Basin indicate that the MM-LSTM-BP model generally performs better than the
single regression methods during the verification period; the root mean square error (RMSE) of the daily runoff data decreases by more
than 50%, and the Nash efficiency coefficient (NSE) increases to 0. 935; the MM-LSTM-BP model has better stability during the
normal flow period and the recession period, and the simulation error of the flood peak is reduced by more than 6% during the flood
period.
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Fig. 4 Effect of number of neurons on training effects and stability of training set and verification set
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GBR 50. 813 117.727 49.543 109. 034 0.978 0. 867 0.992 0. 964
Z A A 91.579 115.197 73. 623 108. 068 0.928 0.873 0.982 0.964
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Fig. 6 Comparison of runoff simulation between normal flow period and flood period
*2 WIFSERAHIENNAREREEE HIERSEIETIRE
Table 2 Occurrence dates of annual maximum flood peak during verification period and relative errors of
different model simulation
HgEh I SRR WD i AR 1R 2/ %

H (m’/s) W FSREE PRI GBR EIH  Z2EGMIET DIrHEE ARIMAX  MM-LSTM-BP A
2014-09-17 1310 -9.4 -9.4 -20.9 -18.5 -8.4 -9.9 -11.0 -5.9
2015-07-01 550 22.8 22.8 22.1 18.6 23.9 22.6 21.2 -3.6
2016-07-15 361 -68.3 -68.2 -66.9 -63.7 -64.9 -68.0 -65.4 -57.9
2017-10-12 1550 =7.2 -7.2 -16.9 -2.8 -4.5 -7.1 -8.5 -5.9
2018-07-13 3320 -20.6 -20.6 -25.3 13.8 -18.8 -20.7 -22.2 9.2
2019-09-15 3500 -2.5 -2.4 1.0 -0.9 0.3 -2.5 -4.5 1.6
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